SUMMARY
Many endangered species have experienced severe population declines within the last centuries [1, 2] . However, despite concerns about negative fitness effects resulting from increased genetic drift and inbreeding, there is a lack of empirical data on genomic changes in conjunction with such declines [3] [4] [5] [6] [7] . Here, we use whole genomes recovered from century-old historical museum specimens to quantify the genomic consequences of small population size in the critically endangered Grauer's and endangered mountain gorillas. We find a reduction of genetic diversity and increase in inbreeding and genetic load in the Grauer's gorilla, which experienced severe population declines in recent decades. In contrast, the small but relatively stable mountain gorilla population has experienced little genomic change during the last century. These results suggest that species histories as well as the rate of demographic change may influence how population declines affect genome diversity.
RESULTS AND DISCUSSION
In the last centuries, continuously increasing anthropogenic pressures have dramatically accelerated wild animal population losses, especially affecting large-bodied mammals [1, 2] . These population declines can have severe consequences for longterm species survival due to environmental and demographic stochastic events [3] , the negative effects of reduced genetic diversity on fertility [4] , resistance to infectious diseases [8] , and adaptability to changing environments [5] . Moreover, natural selection is thought to be less efficient in small populations, which may increase the probability that deleterious alleles drift to fixation, further lowering the fitness of the population [6] . Maintaining genetic diversity is thus of considerable importance for species conservation [7] . However, the genomic consequences of rapid population decline, as faced by many species today, remain largely unexplored due to limited empirical data [9] .
In this study, we directly quantify genomic changes within the last century in the two eastern gorillas: the critically endangered Grauer's (Gorilla beringei graueri) and the endangered mountain gorillas (Gorilla beringei beringei) [10] by sequencing whole genomes from historical specimens collected up to ca. 100 years ago and comparing them to present-day (modern) genomes [11, 12] (Figure 1A) . After low-depth sequencing of 59 historical gorilla specimens (see Data S1), we selected samples from unrelated adult individuals displaying high endogenous DNA content and DNA quantity for uracil-DNA glycosylase (UDG) treatment and subsequent deep genome sequencing. Following wholegenome sequencing, we collapsed the obtained forward and reverse high-quality sequencing reads generated on the Illumina HiSeq X platform and aligned them to the gorilla reference genome [13] . For seven Grauer's and four mountain gorilla samples collected between 1910 and 1962 (median: 1923), we obtained adequate coverage (3.1-10.8 X) to infer genomic changes through time (see Data S1). We also included published modern genomes from eight Grauer's, seven mountain, and 17 western lowland gorillas (Gorilla gorilla gorilla) (see Data S1) [11] , the last to be used as a comparative dataset.
To study changes in genetic diversity over time, we called genotype likelihoods and variants across all historical and modern samples. We filtered low-quality sites, recalibrated quality scores accounting for post-mortem DNA damage, and removed cytosine-phosphate-guanine (CpG) sites to limit possible biases from remaining DNA damage (Figures S1A and S1B) [14] .
Using principal-component and admixture analyses based on genotype likelihoods, we found indications for the presence of population structure in historical Grauer's gorillas, corroborating previous results based on modern data (Figures 1B and S2A-S2E) [12, 15] . Geography could not explain the apparent structure, as individuals from the extremes of the species distribution range were found to belong to the same genomic subcluster ( Figures S2A and S2B ). Next, we estimated the number of differences between chromosome pairs to assess intra-individual genetic diversity (heterozygosity) after downsampling modern samples to a similar coverage as the historical genomes to control for coverage biases ( Figure S1C ). We found a decline in autosomal heterozygosity in Grauer's gorillas, with modern individuals containing on average $20% fewer heterozygous sites than historical individuals (Figures 2A and S1D). We also observed lower genetic diversity in modern mountain gorillas; however, the difference compared to the historical individuals was small (3%) and not statistically significant (Figures 2A and S1D). We obtained similar results independent of the method used to call genomic variants ( Figure S1D ), and we can exclude population substructure, difference in sample sizes, and retained post-mortem DNA damage as possible explanations (Figures S1C and S2F-S2H). Estimating diversity at population level as the total number of variable sites per population also supported the observed reduction in genetic diversity in the modern Grauer's gorillas compared to the historical samples ( Figure S1E ).
Next, we inferred the effects of the recent population decline on inbreeding levels by identifying tracts of within-individual chromosomal sequence sharing (runs of homozygosity [ROH]) using a Hidden Markov Model. Whereas an average of 35.1% and 33.9% of the historical Grauer's and mountain gorilla genomes, respectively, consisted of ROH above 100 kb, this proportion increased to 39.2% in modern Grauer's and to 36.3% in modern mountain gorillas ( Figures 2B and S3 ). This change is driven by the proportion of the genome contained in very long ROH (2.5-10 Mb, Figures 2B-2C and S3), which increased by 24% in modern Grauer's gorilla genomes ( Figures 2B and 2C ). Such long tracts are likely to arise from mating between closely related individuals less than ten generations ago [16] . In regions of the genome outside of ROH, heterozygosity levels were similar between historical and modern Grauer's gorillas (Figure 2A ), indicating that recent inbreeding is the main cause of the observed reduction in genome-wide genetic diversity. The proportion of the genome contained in long ROH increased by 6.9% in modern mountain gorillas; however, the difference with the historical samples was not statistically significant ( Figures 2B and S3 ).
To test whether population decline and small population size led to an accumulation of deleterious mutations in eastern gorillas, we used three independent and complementary approaches to characterize genetic load on genome-wide, gene, and protein level. First, we estimated genetic load for each individual by measuring the proportion of homozygous-derived mutations in regions of the genome that are conserved across a whole-genome alignment of 20 vertebrates and thus can be assumed to be mostly deleterious [17] . Although the differences in genetic load between modern and historical eastern gorilla individuals were not significant, a larger proportion of modern genomes of both Grauer's and mountain gorillas fell into the upper range of the distribution ( Figure 3A ). Second, we assessed the effects of DNA sequence variants on protein-coding genes and found a significant increase in frequency of both missense and loss-of-function (LoF) variants in modern Grauer's gorillas compared to the historical individuals, consistent with higher genetic load in the modern population ( Figure 3B ). In contrast, our results suggest that the frequency of missense and LoF variants has remained stable in the mountain gorillas during the last Figure 3B ). Finally, we predicted the possible deleterious impact of each amino acid substitution on the protein function using physical considerations [18] . We observed a significant increase in the frequency of amino acid substitutions classified as ''probably damaging'' in the modern Grauer's gorilla individuals, whereas no significant change was observed between historical and modern mountain gorillas ( Figure 3C ).
Genes affected by LoF mutations with the highest frequency increase in the modern Grauer's gorillas were associated with functions related to immunity and methylation (see Data S2 and S3), possibly indicating a decline in pathogen resistance during recent decades. LoF variants with the highest frequency increase in modern mountain gorillas were enriched for genes related to Sertoli cell differentiation, thus possibly affecting male fertility (see Data S2 and S3). In addition, both Grauer's and mountain gorillas show several high-frequency LoF variants that are related to malformation of fingers and toes, corroborating the reports of syndactyly in eastern gorillas (see Data S3) [19] .
By analyzing complete genomes from museum-preserved historical specimens, we have identified and quantified the genomic consequences of population decline in eastern gorillas during the last century. Comparisons to the modern western lowland gorillas (estimated population size: 360,000 individuals), which diverged from the eastern gorillas around 150,000 years ago [12, 20] , demonstrate that differences in genetic diversity be- tween species are dominated by longterm demographic processes. The observed decrease in genome-wide diversity and increase in putatively deleterious variants in eastern gorillas (Figures 2  and 3 ) is striking given the short time period spanned by our study, corresponding to 4-5 gorilla generations. Grauer's gorillas have been more severely affected than mountain gorillas, which we hypothesize can be attributed to their contrasting demographic histories.
Eastern gorillas experienced continuous population decline for the last 100,000 years [12] , before diverging into Grauer's and mountain gorillas, ca. 10,000 years ago [21] . Subsequently, Grauer's gorillas went through a period of population growth and range expansion 5,000-10,000 years ago [22, 23] . This demographic expansion may have led not only to a historically higher genetic diversity in Grauer's compared to mountain gorillas ( Figure 2 ) but also to a higher number of low-frequency deleterious mutations in the Grauer's gorilla population [24, 25] . As Grauer's gorillas went through a severe population decline of 80% in the last 20 years to less than 4,000 individuals today [26] , these deleterious mutations appear to have increased in frequency, likely due to increased drift and inbreeding ( Figure 2) , thus leading to a more pronounced change in genetic load in Grauer's compared to mountain gorillas (Figure 3) . In contrast, the population size of mountain gorillas from the Virunga Massif population has likely remained small since their divergence from the Grauer's gorillas [22, 23] . Numbering fewer than 1,000 individuals at least since the late 1950s [27] , mountain gorillas experienced a population low of $250 individuals in the 1980s [28] but recovered to $450 individuals in 2013 [29] . However, we do not detect significant differences in genetic diversity, inbreeding, and genetic load between historical and modern mountain gorilla samples. This might be due to both purging of genetic load as a result of the continuously small population size in mountain gorillas during the last 10,000 years as well as the rapid population recovery in recent decades thanks to implemented conservation measures and/or a less pronounced population decline than previously reported [28, 30] .
Many species have experienced severe population declines in the last centuries [2] and may thus face similar genomic consequences as reported here for Grauer's gorillas. In species with shorter generation time, such consequences may be even more severe due to faster genomic change. Nevertheless, if population declines occur more gradually or bottlenecks are short-lived and followed by population recovery within only a few generations, species are likely to be less impacted by negative genomic consequences, as exemplified by the mountain gorillas.
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METHOD DETAILS
DNA extraction, library preparation and sequencing DNA from historical samples, consisting of teeth and dried soft-tissue samples, was extracted in dedicated ancient DNA facilities at Uppsala University, Uppsala, and the Swedish Museum of Natural History, Stockholm. Surface contamination from teeth was removed by exposing the roots to UV light (245 nm) for 10 min, abrading the surface with an engraving cutter using a Dremel 8100 drill, and again subjecting the cleaned surfaces to UV light for 10 min. No surface decontamination was performed for soft-tissue samples. The Grauer's gorilla samples were extracted using an extraction protocol optimized for retention of short fragments in ancient DNA samples [45] . Mountain gorilla samples were extracted with Vivapsin filters as in Ersmark et. al. [46] . For screening, we prepared pooled Illumina sequencing libraries from all mountain and Grauer's gorilla DNA extracts following the strategy outlined in [31] and [47] . Briefly, 20 mL of DNA extract was used in a 40 mL blunting reaction (final concentrations: 1 3 buffer Tango, 100 mM each dNTP, 1 mM ATP, 25 U T4 polynucleotide kinase (Thermo Scientific), 5U T4 DNA polymerase (Thermo Scientific)). Samples were incubated at 25 C for 15 min followed by 5 min at 12 C. DNA fragments within each sample were then ligated to a combination of incomplete, partially double-stranded P5-and P7-adapters (10 mM each), each containing a unique seven base pair sequence, referred to as barcode. Adapter ligation was performed in a 40 mL reaction volume using 20 mL of blunted DNA and 1 mL of unique P5 and P7 barcoded adapters per sample (final concentrations: 1 3 T4 DNA ligase buffer, 5% PEG-4000, 5U T4 DNA ligase (Thermo Scientific)). Samples were incubated for 30 min at room temperature and cleaned using MinElute spin columns following the manufacturer's protocol. Adapter fill-in was performed in 40 mL final volume using 20 mL adapter ligated DNA (final concentrations: 1 3 T4 DNA ligase buffer, 5% PEG-4000, 5 U T4 DNA ligase (Thermo Scientific)), incubated at 37 C for 20 min, heat-inactivated at 80 C for 20 min, and cleaned using MinElute spin columns, as above. For the purpose of shallow shotgun sequencing, indexing PCR was performed for 10 cycles in 25 mL reaction volume (3 mL of adapter-ligated library as input) using a unique P7 indexing primer for each sample, as in Meyer & Kircher (2010) [32] (final concentrations: 1x AccuPrime reaction mix, 0.3 mM IS4 primer, 0.3 mM P7 indexing primer, 7 U AccuPrime Pfx (Thermo Scientific), cycling protocol: 95 C for 2 min, 10 cycles at 95 C for 30 s, 55 C for 30 s and 72 C for 1 min and a final extension at 72 C for 5 min). Sample libraries were cleaned using MinElute spin columns and subsequently fragment length distribution and concentration were measured on the Bioanalyzer. Samples were pooled in equimolar amounts into two final library pools and size selected with two rounds of AMPure XP bead clean-up, using 0.5X and 1.8X bead:DNA ratio, respectively. Both library pools with final concentration of 10nM were subjected to 125 bp paired-end shotgun sequencing on the Illumina HiSeq 2500 platform (one lane each, High Output Mode) at the SciLifeLab sequencing facility in Stockholm. Samples were demultiplexed based on their unique indices using bcl2fastq v2.17.1 with default settings (Illumina Inc.). We removed adapter sequences, including barcodes, and used AdapterRemovalV2 [33] with default parameters to collapse and remove reads shorter than 15 base pairs. Collapsed reads were mapped against the gorilla reference genome (gorGor4) [13] using bwa-mem with default parameters [48] . We then estimated the endogenous content for each sample as the fraction of reads mapping to the reference genome with a quality score > 20 (Phred-scale) (see Data S1). Note that we did not remove duplicate reads at this stage, since duplicate removal tools (samtools rmdup and Picard MarkDuplicates) only remove duplicates among the mapped reads, biasing the endogenous content estimates. Post-mortem DNA damage patterns were identified using mapDamage2.0 [37] . We also assessed human contamination as in van der Valk et al. (2017) [47] . Briefly, we identified fixed nucleotide difference between a panel of mitochondrial genomes from nine human with diverse geographic origin [11] and 13 published eastern gorilla mitochondrial genomes [12] . For each of these diagnostic sites covered by at least three sequencing reads, we calculated the proportion of reads containing the human variant and averaged the estimate over all diagnostic sites (see Data S1). After screening we selected seven Grauer's and four mountain gorilla samples displaying high endogenous content and low levels of human contamination for UDG treatment to remove post-mortem DNA damage and subsequent deep sequencing. Libraries were then prepared as above with slight modifications: During blunt end repair, 20 mL of DNA extract was used in a 50 mL reaction together with USER enzyme treatment to remove uracil bases resulting from post-mortem damage (final concentrations: 1 3 buffer Tango, 100 mM each dNTP, 1 mM ATP, 25 U T4 polynucleotide kinase (Thermo Scientific), 3U USER enzyme (NEB)). Samples were incubated for 3 h at 37 C, followed by the addition of 1 mL T4 DNA polymerase (Thermo Scientific) and incubation at 25 C for 15 min and 12 C for 5 min. Indexing PCR for all adapter ligated libraries was performed as above for 10 cycles, but in 125 mL volume (18 mL of adapter ligated input DNA) and each of these samples was sequenced on one HiSeq X lane 150bp paired-end. Samples with insufficient coverage (n = 7) after deep-sequencing were pooled and sequenced on an additional five HiSeq X lanes.
Read mapping, post-mortem DNA damage, SNP calling and filtering Pooled libraries were demultiplexed based on their unique 7bp barcodes (see Data S1) and we subsequently removed adapter and barcode sequences and collapsed fastq-reads by individual using AdapterRemovalV2 [33] . Collapsed reads were mapped against the western lowland gorilla reference genome with bwa-mem on default settings (including readgroups and marking shorter split hits as secondary for Picard compatibility) [48] . After mapping, alignments around indels were improved using GATKv3.8 indelRealigner [35] . We then removed duplicate reads using Picard (https://broadinstitute.github.io/picard/). We estimated remaining levels of postmortem DNA damage (note that the libraries were UDG-treated) and rescaled mapping quality scores to correct for any remaining damage using Mapdamage2.0 on default parameters [37] . After quality score rescaling, we filtered out all reads below mapping quality of 20 (Phred-scale) and removed sex chromosomes from further analyses.
Raw fastq files from published genomes of wild-born gorillas (17 western lowland, 7 mountain, and 8 Grauer's gorillas) were obtained from the European nucleotide archive (PRJNA189439 and PRJEB3220) [11, 12] . We removed sequencing adapters and subsequently bases at the start and end of the reads were trimmed if falling below the quality score of 15 (Phred33-scale) using Trimmomatic [39] . Read mapping, indel-realignment and duplicate removal was performed as above.
Post mortem DNA damage in historical genomes
All historical libraries were UDG-treated, removing the majority of post-mortem DNA damage [49] . We confirmed (using mapDamage2.0) that remaining typical ancient DNA post-mortem damage (C-to-T substitutions at read ends) in historical samples was present only at very low rates ( Figure S1A ). However UDG-treatment has lower efficiency of removing uracil nucleotides at CpG sites [49] and therefore remaining post-mortem DNA damage at these positions may cause biases in downstream analyses. We estimated the extent of damage at CpG sites as the fraction of mapped reads containing a thymine nucleotide at a cytosine position that is part of a CpG site. To this end, we first identified all CpG sites in the gorilla reference genome defined as sites where C is immediately followed by a G and used samtools mpileup to obtain all mapped bases with Q > 20 at each site per genome. We then quantified the fraction of thymine nucleotides at the identified CpG sites for each genome and averaged this fraction over all identified CpG sites within the genome ( Figure S1B) .
Genotype likelihood and SNP calling
Most of our analyses were conducted in a genotype likelihood framework implemented in the ANGSD software, allowing for the incorporation of statistical uncertainty in low-coverage data [15, 50] . Genotype likelihoods for all gorilla samples were calculated adjusting mapping quality for regions with excessive mismatches (-C 50), removing reads with multiple hits (-uniqueOnly 1), base quality score below 20 (-minQ 20) , and downgrading quality scores around indels (-baq 1). We then only considered genotypes with a likelihood ratio test statistic of minimum 24 (-SNP_pval 2e-6) using the samtools genotype model (-GL 1).
SNPs were identified by creating a genomic VCF file for each individual using GATK UnifiedGenotyper with default parameters [35] . Subsequently, we used the GATK hard-filtering best-practice guideline for SNP-filtering [51] . Vcftools [36] was used to remove all sites with coverage depth below 3x, minimal allele count below 3, sites for which more than 75% of samples had a non-reference allele in a heterozygous state, indels, sites with higher than 3-fold average coverage across all individuals, and positions with SNP quality < 30 (Phred-scale), as recommended in [52] . Additionally, we removed all SNP within repetitive regions as identified with the GEM module [41] . Finally, we removed all SNPs at CpG sites, since these showed patterns of remaining post-mortem DNA damage ( Figure S1B ). We extensively assessed the effects of differential coverage between historical and modern genomes on population-level summary statistics by downsampling all modern genomes to similar coverage as the historical genomes (4X) using samtools V1.5 [40] and obtaining genotype-likelihoods for the downsampled genomes as described above. We observed slight biases on diversity estimates related to differential coverage ( Figure S1C) , and therefore all genomic comparisons were subsequently based on the modern genomes downsampled to 4X coverage.
PCA and Admixture PCA plots were constructed using PCAngsd with default parameters and 200 EM iterations for computing the population allele frequencies [53] . To further explore genetic affinities and substructure in our data we used NGSadmix to estimate individual genome admixture proportions [54] . NGSadmix was run with the filtered genotype likelihoods and additional filtering of alleles below a frequency of 0.05 (-minMaf 0.05) ( Figures S2A-S2E ).
Heterozygosity and nucleotide diversity
We measured genome-wide heterozygosity using two different approaches. First, we estimated heterozygosity from the site frequency spectrum, obtained from the genotype-likelihoods with realSFS as implemented in ANGSD. We excluded transitions to eliminate possible biases from post-mortem DNA damage, such as those at CpG sites (Figures S1A and S1B), and performed 1000 bootstrap replicates for each sample to obtain confidence intervals ( Figure S1C) [15, 55] . Second, we estimated genomewide heterozygosity directly from the genomic VCF file (with down-sampled modern genomes and excluding CpG sites) by counting the proportion of heterozygous sites out of total sites covered by at least five reads in the filtered genomic VCF data ( Figure S1D ). In addition to estimating heterozygosity for each individual, we obtained population-level estimates of genetic diversity by calculating the number of divergent sites between individuals belonging to the same temporal population (treating historical and modern genomes of different gorilla taxa separately). To this end, we randomly sampled a single allele at each covered site excluding low quality bases (htsbox v1.0 -R -q 30 -Q 30 -l 35 -s 1, https://github.com/lh3/htsbox) within each individual genome. We then calculated the number of within population divergent sites in non-overlapping sliding windows of 10.000 base pairs, subsampling four random genomes for each window to eliminate the possibility that results are driven by differences in sample size between populations ( Figure S1E ).
We performed a permutation test to control for the possibility that the inferred differences in levels of genome-wide heterozygosity between modern and historical eastern gorillas could be driven by differences in sample size. For each dataset (i.e., VCF files of historical and modern genomes), we repeatedly (n = 1000) randomly subsampled four genomes (the smallest sample size in our analysis, equal to the number of historical mountain gorilla genomes), calculated genome-wide heterozygosity as described above, and assessed the significance of population level differences using pairwise t-tests in Scipy python package (v1.13.3). In 96.6% of randomization tests, the historical Grauer's gorilla populations shows significantly higher (p < 0.05) population level heterozygosity ( Figure S2F ), whereas none of the repeated 1000 comparisons were significant in mountain gorillas (p value > 0.05). Population structure in Grauer's gorillas (Figures 1B, S2A , and S2B) [12] could potentially explain the observed differences in heterozygosity between modern and historical samples. Although population structure was found in both modern and historical Grauer's gorillas, we performed an additional test to verify that it does not explain the observed decline in heterozygosity in this species. To this end, we estimated the average genome-wide heterozygosity based on the genomic VCF files within the larger Grauer's gorilla sub-cluster (popB) ( Figure S2D) , as it provided a large enough sample size for this analysis. Confirming our results at population level, heterozygosity was significantly higher (p < 0.05) in historical individuals in the sub-cluster popB compared to modern individuals from the same subcluster ( Figure S2G ). We then used the same approach as above to randomly subsample three historical and three modern individuals from popB (note three individuals is the lowest number required for significance testing) and found none of the tests resulted in higher heterozygosity in the modern dataset ( Figure S2H ).
Runs of homozygosity
To identify regions of the genome in complete homozygosity (runs of homozygosity, ROH), which are indicative of inbreeding, we applied a Hidden Markov Model (HMM) first described by Xue et al. (2015) [12] to the filtered SNP dataset assuming a constant recombination rate of 1 3 10 À8 per base pair ( Figure S3A ). The emission probabilities in the HMM correspond to a Hardy-Weinberg model with inbreeding. Transition probabilities in the HMM incorporate the likelihood of a recombination event since the last site (see [42] , for model details). The HMM model employed to infer ROH assigns confidence score to each of the genomic regions inferred to be in complete autozygosity. Even at relatively short ROH length ($100.000bp), the majority of such regions have a high confidence score ( Figure S3B ). This method thus allows for identification of genome stretches in complete homozygosity despite medium to low coverage. However, applying the model to low coverage genomes leads to a slight over-estimation of the number and length of homozygous tracts ( Figure S3C ), particularly for long ROH (> 2.5Mbp) ( Figure S3D ). Therefore, we controlled for differential coverage by down-sampling the modern genomes to 4x coverage as described above, before carrying out the comparisons of the distribution of ROH between historical and modern data ( Figures 2B and 2C) .
Runs of homozygosity arise when identical haplotypes are inherited from both parents. Over time these runs are broken apart by recombination events. Therefore, long runs of homozgyosity represent recent inbreeding events, whereas shorter runs stem from more ancient processes or mating between distant relatives. The largest difference between historical and modern genomes stems from ROH that are 5-6 Mb in length ( Figure 2C) . We estimate the mean number of generations back to the common ancestor of these homologous sequences using the formula from [56] ;
where g is the number of generations (exponentially distributed) and ROH length the ROH length in centimorgans. We use the physical length of ROH as approximation for the genetic length and estimate that ROH of 5-6 Mb trace back to less < 10 generations ago.
Genetic load
Estimating an individual's genetic load based on genomic data is challenging [57] . However, using evolutionary constraints as predictor for the fitness consequences of a mutation can serve as an approximation [58] . We therefore measured genetic load in each individual as the number of homozygous derived alleles in sites that are under strict evolutionary constraints divided by the total number of homozygous alleles, following the approach by Librado et al. (2017) [59] (Figure 3A) .
Base-wise phyloP scores, pre-calculated for a whole-genome alignment of 20 mammals were obtained from Ensembl (Release 90). These scores show high accuracy in measuring regions of the genome under evolutionary constraints [17] . We converted the human genomic coordinates of the phyloP scores to the gorilla reference genome using the command-line version of the liftOver tool (https://genome-store.ucsc.edu/) and the hg38ToGorGor4 chainfile available from UCSC (http://hgdownload.cse.ucsc.edu/ goldenPath/hg38/liftOver/). All sites with phyloP scores < 1, indicating low mammalian sequence conservation, were excluded. We considered only homozygous sites, since estimating the genetic load at heterozygous positions requires additional assumptions about the dominance coefficient of mutations. Using the genotype likelihood data, we then defined the genetic load (phyloPi) as the phyloP score at each given position multiplied by the probability of observing a derived homozygous allele (Pi) divided by the total number of homozygous sites in a given individual (hom).
To identify loss-of-function (LoF) and missense mutations in each gorilla individual ( Figure 3B ), we used the Ensembl Variant Effect Predictor (VEP) tool [43] , which predicts the consequences of genomic variants on the protein sequence. Annotation of genes and transcripts for the gorilla reference genome (gorGor4) assembly were retrieved from the Ensembl VEP database (release 91, ftp://ftp. ensembl.org/pub/current_variation/VEP/). We used VEP to obtain classification for each of the SNPs in the filtered SNP dataset and subsequently classified SNPs into LoF, missense, and synonymous variants as in Xue We compared the frequency of LoF variants between historical and modern data following the strategy outlined in Xue et al. (2015) . Briefly, for each category of variants, we calculated at each site i the observed allele frequency in Population A as f A i = d A i / n A i , where n A i, is the total number of alleles called in population A and d A i is the total number of called derived alleles. Similarly, we define f B i for population B. Then, if C is a category of protein-coding sites:
We then calculate the ratio R A/B(C) = L A,B(C) / L B,A(C) , which is a measure of the relative number of derived alleles found more often in population A compared to population B. We estimated the variance in R A/B(C) by running a Jackknife approach in blocks of 1000 from the set of sites in C. We compared the frequency of variants in historical and modern data as measured by R A/B(C) in two categories: 1) missense changes in the protein coding sequence, and 2) variants which are likely to cause loss of function.
To predict the likelihood of a variant being deleterious we used PolyPhen-2 ( Figure 3C ) [18] . This tool predicts the effects of amino acid substitutions on the structure and function of human proteins using a set of comparative and structural criteria. SNPs identified in the gorilla genome were lifted over to the human reference (hg38) using the command-line version of the liftOver tool (https:// genome-store.ucsc.edu/) and the gorGor4ToHg38 chainfile available from UCSC (http://hgdownload.cse.ucsc.edu/goldenPath/ gorGor4/liftOver/). Next, we used the PolyPhen-2 implementation of the Variant Effect Predictor tool to obtain PolyPhen-2 scores, with higher scores indicating a higher likelihood of an allele being damaging (scores above 0.45 indicate possibly damaging mutations). Finally, to obtain an estimate of the number of putatively damaging alleles in the historical and modern populations, we randomly subsampled an allele for each site among all individual from the respective population and retrieved the associated PolyPhen-2 score for each of these alleles.
For all identified LoF variants (see above) we obtained the historical and modern allele frequencies from the VCF-files and identified all LoF alleles with an absolute allele frequency difference between the modern and historical populations above 0.2 (see Data S2). For each of these LoF alleles we obtained the associated gene based on the human genome annotation by lifting over the variant to the human genome using the command-line version of the liftOver tool (https://genome-store.ucsc.edu/) and the gorGor4ToHg38 chainfile available from UCSC. We then assessed the functional enrichment of LoF variants with the highest difference in allele frequency between modern and historical populations in GOrilla [44] (see Data S3).
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